For modelling the spatial distribution of malaria incidence, accurate and detailed information on population size and distribution are of significant importance. Different, global, spatial, standard datasets of population distribution have been developed and are widely used. However, most of them are not up-to-date and the low spatial resolution of the input census data has limitations for contemporary, national-scale analyses. The AfriPop project, launched in July 2009, was initiated with the aim of producing detailed, contemporary and easily updatable population distribution datasets for the whole of Africa. High-resolution satellite sensors can help to further improve this dataset through the generation of high-resolution settlement layers at greater spatial details. In the present study, the settlement extents included in the MALAREO land use classification were used to generate an enhanced and updated version of the AfriPop dataset for the study area covering southern Mozambique, eastern Swaziland and the malarious part of KwaZulu-Natal in South Africa. Results show that it is possible to easily produce a detailed and updated population distribution dataset applying the AfriPop modelling approach with the use of high-resolution settlement layers and population growth rates. The 2007 and 2011 population datasets are freely available as a product of the MALAREO project and can be downloaded from the project website.
Introduction
The population at risk of a vector-borne disease such as malaria is a function of the coincidence of human population and malaria transmission risk. The spatial and temporal distribution of malaria risk is closely related to a wide range of environmental parameters, such as the distance to water, land surface temperature, vegetation distribution, rainfall, elevation, etc. (Rogers et al., 2002; Ceccato et al., 2005) . The spatial heterogeneities in malaria transmission and spread make risk maps and modelling methods valuable tools for understanding malaria dynamics and planning public health interventions (Elliott and Wartenberg, 2004; Ostfeld et al., 2005; Riley, 2007 ). Yet, in deriving accurate estimates of population at risk of malaria, these spatial models must rely on accurate and detailed information on population distribution and density.
The most widely used global spatial datasets of population distribution in disease-related studies are the Gridded Population of the World (Deichmann et al., 2001; Balk and Yetman, 2004) , the Global Rural Urban Mapping Project (Balk et al., 2006) , LandScan (Dobson et al., 2000) , and the United Nations Environment Programme Population Databases (Deichmann, 1996) . Characteristics of each dataset are outlined in Table 1 .
Population distribution modelling methods over large spatial scales rely on redistributing populations within census units to obtain continuous population surfaces, i.e. gridded datasets with a number of inhabitants per cell. The four main global gridded population datasets described above are using four different interpolation methods for the spatial reallocation of census population. As a consequence, different sources of error and uncertainty are associated with these population datasets, which generally arise from i) the input data; ii) population growth forecast; and iii) the modelling procedure used . Tatem et al. (2011) WorldPop (www.worldpop.org.uk) . The AfriPop approach is designed to produce datasets based on freely available data and methods that can easily incorporate new data as it becomes available. AfriPop has therefore constructed a geographic information system (GIS)-linked database with census and official population data using the most recent and spatially detailed datasets available. Population count data have now been combined with land cover (LC) data to map population distributions across Africa at a finer spatial resolution than ever before . Landsat-derived settlement extents were used to refine existing LC data sets and the results show that the use of the GlobCover dataset (2009; http://due.esrin.esa.int/globcover/), refined with detailed settlement extents, provides significantly more accurate results than previously for the production of gridded population datasets across large areas (Linard et al., 2010b) . AfriPop mainly uses 30 m Landsat enhanced thematic mapper satellite imagery for the mapping of settlements.
The AfriPop modelling method distinguishes between urban and rural population when redistributing populations. Major cities have already validated population numbers derived from census enumerations. The remaining rural population is redistributed using LC-based weightings. The refined LC data and fine resolution population data have been used to define population densities per LC class (i.e. the average number of people per pixel), following approaches previously outlined (Tatem et al., 2007; Linard et al., 2010b) . These LC specific population densities were then used as weights to redistribute the rural populations within administrative units in the African countries.
Assessment results have shown that the AfriPop maps are more accurate than existing population map products as well as simple gridding of census data. Moreover, the WorldPop 100-m spatial resolution represents a finer mapping detail than has ever before been produced over large areas. Recent work, forming part of the AfriPop project, has shown that detailed satellite imagery-based mapping of settlements combined with LC information can be used to increase population model accuracies across large areas (Tatem et al., 2007) . Particularly in rural Africa, settlements are often characterized by very small spatial scales with small structures and non-dense development, which cannot be accurately detected with mid-resolution satellite data such as Landsat. New high-resolution satellite sensors that are able to cover large areas such as RapidEye (2011 version, provided 1998, 2000, 2001, 2002, 2003, 2004, 2005, 30 arcsec (~1 km) Census, LC, elevation, http://www.ornl.gov/sci/landscan 2006, 2007, 2008, 2009, 2010, 2011 slope, roads, populated areas / points Gridded Population 1990 , 1995 , 2000 , 2010 improving spatial population values. The present study aimed to further improve the AfriPop dataset by using settlement extents extracted from 5 m spatial resolution RapidEye data. A spatially enhanced and updated AfriPop dataset at a spatial resolution of 10 m was generated for the MALAREO study area covering southern Mozambique, eastern Swaziland and the malarious part of KwaZulu-Natal in South Africa and compared to existing datasets (http://cordis.europa.eu/project/rcn/97892_en.html).
Materials and Methods
Improving the AfriPop dataset with settlement extents derived from RapidEye is undertaken through three steps: i) settlement extraction from RapidEye images; ii) LC data refinement; and iii) population distribution modelling.
Settlement extraction
High-resolution Level 3, orthorectified RapidEye archive data were used to map the LC in the MALAREO study area. The RapidEye satellite system (http://blackbridge.com/rapideye/index.html) is a constellation of five identical satellites that provide data in five spectral bands with a spatial resolution of 5 m. Data were acquired between 18/07/2011 and 10/11/2011. The LC mapping approach was based on a classification scheme including 11 classes relevant to characterize the malaria vector habitat and the pattern of human activities (Franke et al., in press ). For this purpose, a hybrid classification scheme between LC and land use was used. The LC/use classification of the high-resolution data was conducted by applying an object-based image analysis with a predefined hierarchical rule-set in the software eCognition (Trimble Geospatial Imaging, Munich, Germany). The image objects were assigned to predefined classes according to decision rules based on spectral, spatial, shape, thematic or topologic criteria. The LC mapping approach has been outlined in more detail elesewhere (Franke et al., in press ). The MALAREO land use class Settlement/Infrastructure identifies built-up areas where the majority of people are located. Transportation infrastructure like roads and tracks were classified separately. The settlement delineations were used to generate an enhanced and updated version of the AfriPop dataset for the study area. The high spatial resolution of the RapidEye data allowed a detailed identification of human settlements, particularly of small homesteads in the rural area. Land cover data refinement
The GlobCover dataset was refined with the more detailed settlement outlines derived from the RapidEye images following methods described elsewhere (Tatem et al., 2005 (Tatem et al., , 2007 Linard et al., 2010b . GlobCover in combination with detailed settlement extents was found to be the most useful resource for the production of gridded population datasets across large areas (Linard et al., 2010b) . The GlobCover map was first resampled into 10-m spatial resolution by nearest-neighbour interpolation. The urban areas, which typically overestimate the settlement extent size, were removed and the surrounding classes correspondingly expanded to fill the remaining space. The MALAREO settlement map was also degraded to 10-m spatial resolution. These settlement extents were overlaid onto the GlobCover and the LCs beneath were replaced to produce a refined LC dataset. (Figure 2) . The aggregated census counts were redistributed at a finer spatial scale using the AfriPop modelling method . Since the RapidEye 5-m resolution data do not include every small hut, population density weightings were assigned to the LC classes. The relative population densities per LC class were defined for each class of the refined LC dataset based on the majority method (Linard et al., 2010b using the whole study area as training data, i.e. the average population density of each specific LC class was calculated based on the administrative units that had recorded this LC class for the majority of their pixels. Zero population was assigned to classes with no human habitation (mainly water bodies) and to all pixels that were not settlements and located in protected areas (IUCN and UNEP, 2012: http://www.protectedplanet.net). These LC-specific population densities were then used as weights to redistribute populations within the administrative units (Table 2) .
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A population distribution map for 2007 was processed based on census 2007 data. Additionally, population density estimations for 2011 were calculated based on 2011 census data (at the municipality level) for South Africa. For Swaziland and Mozambique, UN rural and urban annual growth rates for the periods 2005-2010 and 2010-2015 were used to predict populations density values for 2011 (Linard et al., 2010a) . These growth rates were taken from the UN World Urbanization Prospects Database, 2011 version (http://esa.un.org/ unup/).
Comparison with existing datasets
Two comparison tests were undertaken between the original AfriPop dataset and the enhanced MALAREO population density map, i.e. perpixel comparison between settlement extents and per-pixel absolute differences between population datasets.
With respect to the former, the MALAREO settlement extents derived from RapidEye 2011 imagery were compared with the AfriPop settlements based on 2005 Landsat 30-m data. The accuracy assessment was based on per-pixel comparison as described by Tatem et al. (2005) . An independent set of 2000 test pixels were used for the per-pixel comparison. A set of 1000 of the 2000 test pixels was randomly sampled from the AfriPop urban class, while the other 1000 test pixels were randomly sampled from the AfriPop non-urban class and producer's, user's and overall accuracies calculated (Congalton, 1991) .
To make the latter comparison possible, population datasets of the same year (2007) were used and resampled to the 10-m spatial resolution. The resulting grid-based difference measures led to interesting insights on where the differences between datasets are the most significant.
Accuracy assessment
Validation and accuracy assessment of high-resolution population data is challenging as few independent reference data are generally available. Map accuracies can be tested in target regions where reference data are available at a higher administrative unit level than used in the population estimation modelling. The National Statistical Office of South Africa obtained such census counts which were carried out in 2011 for a part of the study area in KwaZulu-Natal. The goal of the accuracy assessment was twofold. Firstly, the predicted population totals per municipality were compared to the population census data used in the modelling process. The second goal was to assess the correlation between the number of people predicted at validation data level (ward level) with the actual population received from the National Statistical Office of South Africa. To support the error analysis and comparison of the original and the enhanced AfriPop 2011 map, the difference between the estimated and actual population for the KwaZulu-Natal wards completely covered by the study area was calculated. Accuracy statistics including mean absolute error (MAE), root mean square error (RMSE) and correlation coefficient (CC) were computed.
Results
The final results of the AfriPop improvement is freely available as a product of the MALAREO project and can be downloaded via http://cordis.europa.eu/project/rcn/97892_en.html. A brief description follows below.
Enhanced AfriPop population density map
The AfriPop modelling method was designed to produce datasets based on freely available data and methods that can easily incorporate new data as in the future. In this paper a spatially enhanced and updated AfriPop dataset for the MALAREO study area was generated based on the RapidEye 2011 settlement map and census data of 2007, whereby UN urban/rural growth rates for 2011 were additionally considered in order to account for recent population trends. Figure 3 shows a visual comparison between the original AfriPop dataset and the enhanced MALAREO population density map. The comparison between the settlement extent used by AfriPop and the MALA-REO settlements demonstrates the much more detailed representation of the urban areas using high-resolution RapidEye data. The delineation of the settlements is much more accurate which has a significant effect on the population distribution model. Both modelling approaches concentrate the population in settlements and weigh populations outside urban areas based on different LC types. Table 3 shows the result of the per-pixel comparison between the AfriPop settlements and the MALAREO settlement extents derived from RapidEye imagery. The MALAREO LC map has an overall accuracy of 80.7% assessed by a stratified random sampling approach (Franke et al., in press ). The higher resolution and the high overall accuracy seen in the table suggest that the urban class is more accurately represented in the MALAREO LC map. In this comparison, the level of accuracy produced by AfriPop in terms of non-urban user's accuracy and urban class producer's accuracy is above 95%. This indicates that the majority of areas is classified as urban according to AfriPop; this was also the case for RapidEye, while the non-urban AfriPop pixels mostly coincided with non-urban classified pixels. The low user's accuracy of the urban class, on the other hand, indicates that only 19.5% of the urban-assigned pixels were mapped correctly. This suggests that AfriPop overestimates urban extent in this study area. The non-urban producer's accuracy indicates that only 55.2% of the pixels classified as non-urban were mapped as non-urban in AfriPop. The reason for the low overall accuracy of 59.3% is highlighted by the producer's and user's accuracies. It is important to emphasise that these findings are only valid for this study area. Obviously the differences in spatial resolution and acquisition time are the main factors for the wide difference in accuracy. The use of the recent and more accurate RapidEye data is an improvement and an update of the AfriPop database.
Comparison with existing datasets

Per-pixel comparison between settlement extents
Per-pixel absolute differences between population datasets Figure 4 shows that for the large majority of pixels, the absolute difference between the original AfriPop 2007 dataset and the enhanced MALAREO 2007 population density map is lower than 1 person per 10×10 m grid square. These pixels are mainly located outside urban areas where the human population density is generally close to zero. However, the absolute differences can be much higher in more densely populated places. The urban extent of major cities (e.g. Siteki or Manzini) strongly influenced the results (Figure 4a and 4b) . The urban extents derived from the RapidEye dataset are generally smaller, resulting in significantly higher population densities in city centres. In general, the main difference between the datasets is that more villages, small towns and homesteads are represented in the MALAREO settlement dataset.
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Accuracy assessment
The ward-level count error maps for the original and the enhanced AfriPop 2011 map are shown in Figure 5 . 
Discussion
Population distribution modelling is of major importance for estimating the population at risk of infectious diseases, and ultimately, disease burden. The primary aim of this work was to explore the impact of the use of detailed settlement layers on population density modelling. The results presented here show that using accurate and spatially detailed settlement extents is significantly improving population distribution modelling. The comparison between both settlement extent datasets demonstrates the much more detailed representation of the urban areas using high-resolution RapidEye data. The delineation of the settlements is more accurate, which has a significant effect on the population distribution model. Moreover, the settlement layer derived from the high-resolution RapidEye data incorporates data of small settlements and homesteads that were not represented in the AfriPop dataset. This study also proved that the population distribution modelling approach developed by AfriPop is appropriate to easily incorporate new data. Recent and upcoming new satellite systems will provide higher resolution data during the next years, which can constantly be used to improve population figures at higher spatial scales.
Detailed spatial population data is very valuable to support the daily work of the national malaria control programs in the project area including the planning of indoor residual spraying and monitoring coverage of insecticide-treated bed nets, and to identify focal areas of high malaria transmission risk. The integration of detailed population figures can substantially improve the planning of the distribution of insecticide treated nets, the estimation of the required amount of insecticides for indoor residual spraying in an area and can thus result in more effective malaria control measures. Moreover, this population data can be spatially linked to malaria transmission risk maps to quantify the number of people residing in specific risk zones and thus derive population at risk numbers. Such maps highlighting transmission areas (due to high contact rates between people and mosquitoes) can be produced by combining population data with vector density maps or malaria incidence or prevalence maps.
The main limitation of modelling population distribution is the fact that census data is collected at different administrative unit levels. This level varies across countries which is inherited to the final AfriPop data and thus results in different sizes of the spatial units of similar population density, which is also apparent in Figure 3 . The smaller the administrative unit of the census data, the more detailed the redistribution of population by the AfriPop model. This issue could be minimized by the use of higher resolution LC classifications also for non-urban areas. In the present study, GlobCover data was used for non-urban areas, which does not allow the weighted redistribution of population figures at the same spatial detail as in urban areas in which RapidEye data was used. With new satellite systems such as the Sentinels, it is expected that high-resolution LC data for large areas will be available which can substantially improve the population modelling in low density areas. Also, other ancillary data such as road and railway networks or topography could improve population distribution modelling methods.
Conclusions
The outcomes of this study have a high potential for transferability to other countries and replicability in regard to other environmental related diseases such as helminth infections (e.g. schistosomiasis and soil-transmitted helminthiasis). Schistosomiasis is considered the second leading parasitic killer in the world after malaria (Global Network on Neglected Tropical Diseases, 2014: http://www.globalnetwork.org/). The World Health Organization strategy for schistosomiasis control focuses on the reduction of disease through periodic, targeted treatment with the anti-schistosomal drug praziquantel. This involves regular large-scale treatment of at-risk population groups. Patterns of schistosome infection and disease vary strongly by demographic variables such as age, sex and socioeconomic status (Brooker, 2007) . Spatial population data can be used for the planning of the mass drug administration including the calculation of at-risk age groups and the estimation of the number of tablets required. The combination of demographic and epidemiological data can support and improve the creation of reliable maps on the spatial distribution of schistosomiasis, so that interventions can target communities at highest risk.
Furthermore, high-resolution data from the Euroepan Space Agency sentinel missions will further stimulate the use of earth observation techniques for malaria control and epidemiology also because of the related free and open data policy. 
